The exact location of faults in the electrical distribution systems is a problem that affects not only the users, but also the companies providing the electric service. With greater time invested in this period, the losses due to unbilled energy and inconvenience to users increases, thus decreasing the quality of service. One of the causes of the growth in time is the misunderstanding that might exist in the localization systems that act under the presence of distributed generation sources in the distribution networks. In this sense, the present research develops an intelligent diagnosis of faults in distribution systems with distributed generation. Three stages are defined: Identification of the type of fault, the location of the zone, and the exact point of fault. A mixed method based on artificial intelligence and mathematical algorithms is applied. Eleven different types of faults that can occur in a distribution system are considered with six different values of fault resistances ranging from 5 to 30 . The errors found are less than 2% in the location of the fault point with robustness to variations in the load and the penetration of distributed generation.
Introduction
Power Quality (PQ) has become a topic of interest to electric service users. Given the obvious importance for today's society, electricity must be supplied as a service with quality parameters, that is, in a reliable, safe, and sustainable way, without sacrificing the lives of users, animals, plants and equipment and, simultaneously, must be available whenever the user needs it.
The distribution of electric energy must be performed in such a way that the user receives a continuous service, without interruptions, with an adequate voltage value that allows the electrical equipment to operate properly. However, the Electrical Distribution Systems (EDS) are not immune to power outages caused by faults. The time of an interruption depends on the fault detection by the protection device, its opening and clearing, the location of the fault and the repair necessary to restore the service. The location process depends on two main factors like the topology, i.e. length of the feeder and number and length of the branches; the geographic characteristics of the area where it is located and can make the fault location difficult [1, 2] .
The integration of the Distributed Generation (DG) into the conventional EDS modifies the amplitudes of the fault signals (voltage and current), which significantly affects the accuracy of the fault localization algorithms [3] . For this reason, it is important to deal ISSN 1064-1246/19/$35.00 © 2019 -IOS Press and the authors. All rights reserved with this problem when there is presence of DG in networks [4] .
Algorithmic methods were used to solve this problem with the use of DG. These methods depend on the network model and the error in the fault location increases significantly with the increase in power fed by DG sources in the EDS [5] . The authors of [6] use the impedance-based method to locate faults in EDS with presence of DG. The technique is validated in the IEEE circuit of 34 nodes considering different types of faults that can be presented with resistances between 0 and 40 and penetration of DG between 5 and 50%. The results show estimation errors of less than 2%.
In [7] , the author indicates that the methods based on the impedance are influenced by the fault resistance and by the distance between the fault and the measurement point. With greater resistance and fault distance, the error in the estimation is greater. In general, the accuracy of impedance-based methods depends on the parameters of the line, its characteristics, and the load value. The error in the localization of these methods is also affected by the complexity of the network, characterized by unbalanced systems, multiple sides, and different fault resistances. For faults with multiple estimated distances, the state of the protection devices is commonly used to identify the actual location. However, for a EDS that is not equipped with the online status of protection devices, the problem of multiple estimation could not be solved [8] . These methods provide accuracy although with multiple estimation at fault location [9] .
In [10] , the authors locate faults in EDS with presence of DG using Artificial Neural Networks (ANN) with the standard backpropagation approach. In this method, the training data is based on the current fed by each DG during the fault. Therefore, the accuracy of the method is highly dependent on the number of DG sources in the system. The main problem of ANNs is their high dependence on the quantity and quality of the data trained to produce a well-trained algorithm. A limited information or inaccuracy affects the performance of the algorithm to correctly identify the location of the fault. This problem occurs in EDS with limited information resulting from an insufficient number of monitoring devices [8] .
Support Vector Machines (SVM) have been used to locate faults in EDS with DG. These are based on patterns represented by voltage and current measurements in the substation and DG sources. This technique presents greater robustness when the number of DG sources in the network is increased [11] .
In [11] authors present the application of the SVM to diagnose faults in EDS with the presence of DG. The proposed approach is based on the three (3) voltages and phase currents that are available from all sources, i.e. at the substation and the DG connection points. The proposed methodology is illustrated in a distribution feeder of the 132/11 kV substation in India with loads at different locations and several DG sources. The proposed fault localization scheme can identify the type of fault, the location of the fault section, and the fault impedance. The result of the simulation shows the satisfactory performance in terms of classification and regression. The accuracy of the classification for the fault line was 100, 99.95, and 92.06%, with three (3) sources of DG, two (2) DG and one (1) DG, respectively. For any changes in the system topology, the SVMs must be re-trained for their application. In addition, with a greater number of DG sources, the approach becomes more robust.
Finally, the authors of [8] indicate that a research can be done in the future to improve existing methodologies that consider the interconnection of DG in the EDS that can result in advances in the issue of fault localization. The authors [12] confirm the need to study the problem of locating faults in EDS with DG, with new methods and with the combination of traditional methods. Similarly, the authors [13] indicate the importance of conducting investigations in locating faults in EDS with parallel approaches, i.e. combining different methods. In [14] they state that in the future the investment of electricity generation will be in DG which will allow to improve the voltage profiles in the EDS in direct proportion to its penetration, however, it clearly increases the levels of fault current and alters individual contributions from generation sources. This requires more research to avoid the loss of security and reliability of the system. In [18] the authors propose that the issue of fault localization in EDS will be deepened in models based on AI. This research is different to other developed in the area because it considers the presence of DG sources and the combination of different fault localization techniques. The benefits of this strategy can be evaluated considering the results of the accuracy in the location of the faults. The number of variables used, and their sensitivity analysis of the parameters involved will allow to measure the robustness of the strategy developed. 
Proposed methodology

Test system
The test system corresponds to the IEEE standard of 34 nodes, with a nominal voltage of 24.9 kV. It is characterized by its large length, a section of 4.16 kV, unbalanced loads, a three-phase main feeder, multiple three-phase and single-phase side, point loads and capacitor banks [15, 16] . To consider the presence of DG sources in the EDS, two (2) of these sources are added in nodes 832 and 848 based on the considerations of [15] , as shown in Fig. 1 .
Database
For the study of the circuit with sources of DG at the nodes indicated in Fig. 1 , a penetration of 10% of these sources is considered as base. The different types of faults that can be presented in EDS are considered in the investigation with 6 different values of fault resistance between 5 and 30; in steps of 5, in total 1764 faults are generated.
For each type of fault, the current and voltage values are obtained with their respective angles, measured in the substation and, additionally, in the node of the DG sources. From the database obtained, the schematic of fault diagnosis in EDS is designed. This scheme must be able to identify and locate the point of occurrence of the fault. To meet this need, 3 components are proposed for its design: identification of the type of fault, location of the fault zone, and the exact point of fault. Figure 2 shows the proposed scheme for the diagnosis of faults in EDS with DG. Figure 2 shows that the purpose of the first block of the strategy is to identify the type of fault that occurs, which allows to activate the location block. The latter is divided into the location blocks of the Table 1 Label to identify each type of fault
Fault type Phases involved Label
Single phase phase a -ground 1 phase b -ground 2 phase c -ground 3 phase-phase phase a -phase b 4 phase b -phase c 5 phase c -phase a 6 phase-phase-ground phase a -phase b -ground 7 phase b -phase c -ground 8 phase c -phase a -ground 9 Three-phase phase a -phase b -phase c 10 Three-phase-ground phase a -phase b -phase c -ground 11 fault zone and, finally, the location of the exact point of occurrence. Each of the components is detailed below.
Identification of the type of fault
This block refers to identifying the type of fault that corresponds to each phase. The type is labeled with a number, which allows identification. The label for each type of fault is shown in Table 1 . In this first block, the use of the Artificial Intelligence (AI) is proposed to treat the problem of the identification of the type of fault. Within AI techniques, SVM are the most used ones because of their better results compared to other techniques [17] . In this research, the SVM are used for this purpose. Measurements of voltage and current for each phase at the substation and DG sources are used as descriptors that provide fault event information. Different combinations of descriptors are obtained to train and test SVMs. Table 2 shows the combinations of descriptors used.
For the SVM model the RBF kernel has been selected, which only needs to adjust its function parameter (␥) and error penalty factor (C). The RBF kernel does not correlate the samples in a higher dimensional space so that, unlike the linear kernel, it can handle the case when the relationship between the class labels and the attributes is not linear. In addition, the linear kernel is a special case of the RBF kernel [18] . The sigmoid kernel behaves like the RBF for certain parameters [19] . Another reason for selecting this function is the number of hyperparameters that influence the complexity of model selection. The polynomial kernel has more hyperparameters than the RBF. Finally, the RBF has fewer numerical difficulties [20] .
The values of C and ␥ suitable for a given problem is unknown, so the selection of the model is made as a search of parameters to identify the best pair (C,␥) in a way that the classifier can accurately predict the unknown data (test data).
Location of fault zone
This block refers to identifying the area within the EDS where the fault has occurred. The different zones are formed by the clustering of different nodes of the EDS to avoid problems of multiple fault estimation as the main problem of algorithmic methods [9] . Like the case of identification of the type of fault, each zone is labeled with a number that allows localization. Figure 3 shows the conformation of zones in the EDS.
The second block proposes the use of the AI for the location of the fault zone. Like the first block SVMs are used for the reasons described above. Effective voltage and current measurements for each phase obtained at the substation and DG sources provide the information to locate the fault zone. Different combinations of descriptors are obtained for training and testing the SVM, as indicated in Table 3 . Similarly, for the SVM model, the RBF kernel has been selected which only requires that its parameter of the function (␥) and the error penalty factor (C) be adjusted.
Locating exact point of fault
This block refers to knowing the exact point where the fault occurred within the EDS. It corresponds to the final stage and depends on the two (2) above, i.e., the identification of the type of fault and the location of the zone. To locate the exact point of fault, an algorithmic method based on the model of the electric network is proposed and whose inputs are the effective values of voltage and current with their respective angles, all measured in the substation and DG sources. Figure 4 shows an EDS in which the area where the fault occurred, located between the sources of GD and the substation, is known. For each EDS line, the exact model shown in Fig. 5 is used.
The voltage and current entering each of the nodes from the substation and/or DG sources to the fault zone can be determined by Equations (1 and 2) , respectively. Additionally, the Equations (3 to 6) show their derivations.
[a] = [U] The successive application of Equations (1 and 2) makes possible to estimate the voltages and currents at each node up to the fault zone. In each load node, the current must be updated by subtracting, from the current that enters the node, the demand for the connected load as indicated by Equation (7).
The [Iabc] kl represents the current coming from node k to node l, [Iabc] k corresponds to that which enters node k determined by Equation (2), and [Iload] k is demanded by the load connected at the node k. The location of the fault for each line segment within the zone is shown in Fig. 6 .
Using Kirchhoff's Law of Tensions and Equation (1), we find Equations (8 and 9).
α: fault distance in per unit Equations (8 and 9) in its real and imaginary components and organizing the terms gives Equations (10 6 . Estimation of the distance for faults located between the substation and DG sources. and 11).
where:
The solution of Equations (10 and 11) is (18 and 19) Equations (18 and 19) are multiplied by a diagonal matrix of type of fault [Z F ] which allows to consider the phase (s) involved in the fault. In this way, the fault distance will be given by Equation (20) . Finally, the value of [Z F ] is shown in Table 4 according to the type of fault.
As the distance from the substation to the end node of the line segment is known, the actual distance from the substation will be known. Finally, the accuracy of the intelligent strategy is determined from the error, Table 5 Values considered for the mesh search of (C, γ) by cross-validation Parameter Values considered Logarithmic values in base 2 C 2 −10 to 2 −20 -10 to 20 γ 2 −20 to 2 −30 -20 to 30 
Results and discussion
Identification of the type of fault
A mesh search is performed for several pairs of values (C, γ) by means of cross-validation and the one with the best accuracy is selected. The values considered for the parameters are shown in Table 5 . Table 6 shows the best pairs of values (C, γ) for each database in the training stage.
From Table 6 , the accuracy obtained by the SVMs in the training stage can be appreciated through crossvalidation with mesh search. The highest accuracy corresponds to the databases composed of the effective values of voltage and current measured per phase in the substation. In another sense, the lower accuracy corresponds to the databases composed of a descriptor, that is, or only the measurements of the effective values of voltage or current, all these in the substation and in the DG sources.
To evaluate the performance of the SVM in the identification of the type of fault against unknown data (test data), the test stage is carried out with ten data for each type of fault, which were not used during the training stage. The total amount of test data for the 11 fault types was 110 for each database used, these were randomly selected. Table 7 shows the accuracy in the test stage of the SVMs for the identification of the type of fault in the EDS.
The accuracy in the test stage is defined as shown in Equation (22): Accuracy in test stage = data correctly classified test data × 100 (22) A perfect classification for different databases is shown in Table 7 , however, the databases containing the measurements of the effective values of voltage and current measured in the substation are those that present a perfect classification both in the stage of training and in the test.
Location of fault zone
To evaluate the performance of the SVMs in the location of the fault zone against unknown data (test data), the test stage is carried out with 468 data in total, for the different types of fault, which were not used during the training stage. Figure 7 shows the results obtained from the SVMs for the location of the fault zone in the EDS.
From Fig. 7 it is observed that the database that has the perfect accuracy in the test stage is II, which is made up of the effective voltage values measured in the substation and in the DG sources. Figure 8 shows the errors in the location of the fault point for the different types of fault, varying the fault resistance and the distance measured from the substation. The accuracy depends on the measurement of the error determined by means of Equation (21) . Figure 8 shows variations of the percentage error in the location of the fault point, which range from 0 to 2%. Single-phase faults have errors that do not reach 2%, biphasic faults maximum of 1.6%, biphasic faults to ground of up to 1.8%, three-phase faults of up to 1.8%, and three-phase faults to ground present the lowest error of all with a maximum value of 0.03%. Regarding to the distance, a similar error pattern is shown in each type of fault when the resistance varies, however, when increasing the distance of occurrence, the error varies according to the type of fault. This behavior can be explained due to the presented scheme which, as a previous stage to finding the point of fault, locates the fault zone; this allows the distance measured from the substation to the initial node of the fault zone to be known, with which the calculation of the error is made from the point already known.
Location exact point of fault
The use of SVMs as AI tools for the identification of the type of fault and the location of the zone presents better results than those found in [11] and also considers variation of the fault resistance, variation of the penetration of DG and variation of the load, cases that have not yet been reported.
The results shown in Fig. 8 have similarity to those reported in [21] regarding the type of fault and fault resistance, however, the errors found by the proposed scheme when varying the fault resistance are less than indicated in [21] . The conformation of the scheme proposed by stages allows that the activation of the block of location of the point of fault is with the knowledge of the type and of the zone of fault, what avoids the consideration of different models for each type of fault and its iterative use until its convergence as shown in [6, 15] . The solution given by the proposed scheme is unique and avoids the consideration of different possible solutions as reported in [15] , nor does it depend on the response of the protection devices that are installed along the feeder as it considers [22] . Finally, the scheme consisting of integrated methods for locating faults in EDS with the presence of DG has not yet been reported in the reviews carried out [23] [24] [25] [26] [27] [28] .
One of the novelties of the proposed strategy is that it avoids the estimation of the section of the line where the fault is found through iterative methods that establish a convergence criterion as shown in [15] . On the other hand, when knowing the fault zone, the location of the exact point of failure is faster about computational times.
Conclusions
A scheme for the location of faults in EDS with GD is presented. A base composed of 1764 fault data is generated that considers the 11 different types of faults that can occur in a EDS, for 6 different values of fault resistance from 5 to 30 Ohm, in steps of 5 Ohm. The scheme is integrated using artificial intelligence and mathematical algorithms based on the system model, and it is proposed by means of 3 stages: Identification of the type of fault, location of the fault zone, and location of the exact point of fault.
The results show a perfect identification of the type of fault and the fault zone with maximum errors of 2% in the location of the point of fault. The location of the exact point of fault maintains errors lower than 2%, which demonstrates the performance of the proposed scheme.
The proposed strategy for fault location considers actual operating conditions in electrical distribution systems such as unbalanced conditions, single-phase branches, unbalanced loads, among others. In addition, the mathematical model for the exact location of the point of failure considers the presence of capacitive effects in the distribution lines. Additionally, the presence of distributed generation sources makes the proposed strategy robust in practical applications.
